Background
Gastric cancer (GC) is the third leading cause of cancer-related deaths, with about one million newly diagnosed GC annually [1, 2] . GC can be classified into diffuse and intestinal types on the basis of its histological appearance, and can also be categorized into cardia and non-cardia tumor based on its location [3, 4] . For patients with early-stage GC, surgical treatment with adequate extended lymphadenectomy can bring about good prognosis [5] [6] [7] . Nevertheless, more than half of GC patients with advanced disease will eventually develop local relapse or distant metastases or have unresectable disease [6] [7] [8] . As a result, the clinical outcomes of GC patients remain extremely poor (the 5-year survival remains about 5-10%) [4, 7, 8] . These dismal clinical outcomes stress the need to develop biomarkers that help to identify at-risk patients who might benefit from early interventions.
Random survival forest (RSF), which has been widely used to identify risk features of different diseases in clinical settings, is an exploratory analysis algorithm for right-censored highly correlated complex survival data, and uses a collection of decision trees for prediction and to rank variables by their importance for time to event. It can handle very high-dimensional data without having to make feature selection, and can internally produce an unbiased estimate of the error after generalization when constructing a forest. It is a good method for estimating missing data and maintaining accuracy if a large portion of the data is lost, and calculates the intimacy in each case, which is very useful for data mining, detecting outliers, and visualizing data. Moreover, the learning process is very fast [9, 10] .
Thanks to advancements in genetic technology, various GC gene expression studies have been published and promoted for prognostic biomarker identification [11] [12] [13] [14] . However, the prognostic performance of established biomarkers is controversial and limited. In the present study, we identified and developed a 5-gene combination to predict the survival of patients with GC by using RSF.
Material and Methods

GC gene expression study
The GC gene expression study TCGA-STAD (level 3 data) [13] , measured by using the Illumina HiSeq 2000 RNA Sequencing platform by the University of North Carolina TCGA genome characterization center, was shown as in log2(x+1) transformed RSEM normalized count and downloaded from UCSC Xena (https://xenabrowser.net/datapages/). The related clinical information (including age, gender, pathological stage, survival information, and relapse information) of samples in TCGA-STAD was also downloaded. GSE15459 [11, 12, 15, 16] was measured by Affymetrix Human Genome U133 Plus 2.0 Array and included 200 GC samples, and we downloaded the MAS.5.0 normalized gene expression profile and clinical information (age, gender, pathological stage, and histological type) of these samples from the Gene Expression Omnibus (GEO) database (https:// www.ncbi.nlm.nih.gov/geo/). Expression profiles of these GC studies were scaled, and genes with near-zero variances were removed for subsequent analysis.
Statistical analysis
At first, we screened survival-related genes in the TCGA-STAD using univariate Cox proportional hazards regression model. Genes at P value <0.05 and familywise error rate less than 0.01 were included for subsequent analysis. Then, patients in the TCGA-STAD were randomly divided into a training set and a test set in a 1: 1 ratio. Thus, we employed the RSF method introduced by Ishwaran et al. [17, 18] to perform survival analysis on the basis of the survival-related genes and the overall survival (OS) of GC patients in the training set. As introduced previously, the RSF [17, 18] , which extends Breiman's random forests (RF) method [19] , was an ensemble tree algorithm for the analysis of right-censored survival data. We grew 1000 trees for each RSF, and each tree of the forests was grown by splitting patients by comparing survival differences via log-rank test based on a randomly selected subset of variables at each node. We selected the features using a variable hunting method, with the number of Monte Carlo iterations (nrep) and value to control step size used in the forward process (nstep) set as 100 and 5, respectively. The test sets were dropped down to the trees for prediction when trees were constructed. The cumulative hazard function, or Nelson-Aalen estimator [19] , was derived from each tree, and an ensemble cumulative hazard function with an average over 1000 survival trees was determined in the training set and test set. The RSF and variable hunting algorithms were implemented in the R package "randomForestSRC" [20] . Mortality was obtained as a weighted sum over ensemble cumulative hazard functions for each individual for all unique death time-points. Higher mortality values correspond to higher risk. Therefore, we applied mortality as a risk score to divide patients into a low-risk group and a high-risk group according to the optimal cutoff derived from time-dependent survival receiver operating characteristic (ROC) analysis using the R package "surviv-alROC" [21] in the training set, test set, and validation set. We performed Kaplan-Meier survival curve analyses to evaluate the OS of GC in the 2 groups. Furthermore, we constructed univariate and multivariable Cox proportional hazards regression models to investigate whether the risk score was an independent prognostic factor in patients with GC.
Comparing prognostic performance with other study
Wang et al. introduced a 9-gene combination for predicting the survival of patients with GC [22] . Thus, we tried to compare the prognostic performance of the 9-gene combination and our 4-gene combination based on the concordance index (C-index) calculated based on the mRNA expression levels of the 9 genes (NR1I2, LGALSL, C1ORF198, CST2, LAMP5, FOXS1, CES1P1, MMP7 and COL8A1) Wang et al. introduced and the 5 genes in the present study. Higher C-index implied better prognostic performance. The R package "survcomp" was used to calculate and compare the C-indexes between the 2 prognostic combinations [23] , and the t test for dependent samples was used to compare the C-indexes for different models.
Gene set enrichment analysis (GSEA)
To investigate the potentially relevant molecular mechanisms that the risk score affected, the survival of GC patients, the GSEA [24, 25] introduced by Subramanian et al., was used based on the high-risk group and low-risk group in the training set. The Hallmark gene set (h.all.v6.2) was used as a reference. Gene sets at normal P value <0.05 and false discovery rate <0.05 were considered significantly enriched.
Results
Characteristics of GC patients in the training set, test set, and validation set
A total of 388 GC patients with survival information were included in the present study, with half in each set. As shown in Supplementary 
Development of the prognostic multigene combination and validation of its prognostic performance
A total of 19 survival-related genes were identified in the TCGA-STAD at the inclusion criteria P value <0.05 and familywise error rate less than 0.01. Then, the 19 survival-related genes were included in the RSF (Supplementary Table 2 ). After variable hunting, 5 genes were finally identified: FRMD7 (FERM domain containing 7), FLJ16779 (LOC100192386), PRR20A (proline rich 20A), SLC7A2 (solute carrier family 7 member 2), and SLC22A16 (solute carrier family 22 member 16). Thus, we included these 5 genes in the final RSF, from which we calculated the risk score of the 5-gene combination based on the sum of the cumulative hazard functions for each individual for all unique death time-points. According to the cutoff of 12.199 (shown in Figure 1A ), we classified patients into the 5-gene combination high-risk group and 5-gene combination low-risk group in the training set, test set, and validation set. The results of Kaplan-Meier curve and univariate Cox proportional hazards regression models suggested that patients in the 5-gene combination low-risk group had better OS compared with those in the 5-gene combination high-risk group in the training set (hazards ratio (HR)=1.1136, 95% CI: 1.0952-1.1324, P<0.0001, Figure 1B and Supplementary Table 3 ), test set (HR=1.034, 95% CI: 11.0174-1.0511, P=0.0001, Figure 1C and Supplementary  Table 4 ), and validation set (HR=1.0618, 95% CI: 1.0059-1.1209, P=0.0299, Figure 1D and Supplementary Table 5 ). Meanwhile, the results of multivariable Cox proportional hazards regression model suggested that the 5-gene combination might be an independent prognostic factor after adjusting for the other clinical factors such as gender, pathological stage, grade, and age (Supplementary Tables 3-5 ). These results suggested that the 5-gene signature could predict the OS of gastric cancer patients.
The prognostic performance of the 5-gene combination was better than the established prognostic signature in GC As shown in Figure 2 , the C-index of the 5-gene combination predicting the OS of patients was significantly higher compared to the 9-gene signature in the training set (0.73±0.01 vs. 0.54±0.01, P<0.001), test set (0.69±0.02 vs. 0.52±0.01, P<0.001), and validation set (0.68±0.02 vs. 0.53±0.01, P<0.001). These results suggested that the prognostic performance of the 5 gene combination was better compared with that of the 9-gene signature.
The results of the gene set enrichment analysis
We tried to investigate the potential mechanisms involved in the influence of the 5-gene combination on the OS of GC patients, and we classified the GC patients in the training set into the 5-gene combination low-risk group and the 5-gene combination high-risk group based on the risk score of each patient. The results suggested that GC samples in the 5-gene combination low-risk group were significantly enriched in E2F signaling (P=0.0038, FDR=0.0408), MYC signaling (P<0.0001, FDR=0.0285) and G2M checkpoint (P=0.0058, FDR=0.0282) ( Table 1 ). These results suggested that the 5-gene combination might affect the OS of GC patients through E2F signaling, MYC signaling, and G2M checkpoint.
Discussions
Due to the low 5-year survival rate and high rate of recurrence of GC patients, as well as the fact that early diagnosis and early invention can improve the clinical outcomes of GC patients, identification and evaluation of novel biomarkers for patients with GC is of great significance [26] [27] [28] . In the present study, by using an RSF approach, we identified and validated a 5-gene combination (FRMD7, FLJ16779, PRR20A, SLC7A2, and SLC22A16) that could predict the survival of GC patients. Univariate and multivariable Cox proportional hazards regression analysis indicated that the 5-gene combination might be an independent prognostic factor in GC. We compared the prognostic performance of the 5-gene combination with another 9-gene based prognostic combination introduced by Wang et al. [22] , which suggested that our 5-gene combination performed better. The results of GSEA indicated that the 5-gene combination might affect the OS of GC patients through E2F signaling, MYC signaling, and G2M checkpoint. RSF, which applies a combination of decision trees for prediction and to rank variables according to their importance for survival data, is specifically designed for exploratory analysis of right-censored survival data of prospective cohorts where the outcome is a time-dependent variable, and to reduce the data dimension by picking out the most important variables correlated with the survival time of interest [29, 30] . Thus, we applied this robust algorithm to identify the most survivalrelated genes, and translated them into a 5-gene combination to predict the OS of GC patients by the cumulative hazard function of each patient at each time point. Among the 5 genes, we noticed that SLC7A2 and SLC22A16 had been reported to be involved in the pathogenesis of several human cancers. Coburn et al. [31] and Tozlu et al. [32] demonstrated that SLC7A2 participates in the carcinogenesis of colon and breast cancer. Lal et al. indicated that the c.146A>G variation in SLC22A16 is involved in variations in the pharmacokinetics of doxorubicin and doxorubicinol patients with malignant tumors [33] . Wu et al. demonstrated that SLC22A16 is up-regulated in acute myeloid leukemia cells and it affect the proliferation and viability of acute myeloid leukemia cells [34] . Therefore, these studies further confirmed the robustness and utility of the 5-gene signature.
The results of GSEA suggested that E2F signaling, MYC signaling, and G2M checkpoint influence the 5-gene combination in predicting the survival of GC patients. Members of the E2F family, MYC signaling, and G2M checkpoint regulate various cellular functions related to cell cycle, apoptosis, and carcinogenesis [35] [36] [37] .
Wang et al. [22] introduced a 9-gene signature (as mentioned above) to predict the survival of GC patients by robust likelihood-based modeling with 1000 iterations. We compared the prognostic performance of our 5-gene combination with theirs, and the results suggested that our 5-gene combination outperformed the 9-gene signature. Thus, we suggest that our 5-gene combination is a good supplement for use in the prognosis of patients with GC.
Although the 5-gene combination showed excellent performance, our study has the following defects. First, this study was an integration and reanalysis of existing published GC gene expression studies. Although it showed good performance in various aspects, it has not been verified by large-scale prospective studies. Second, molecular biology experiments were not been carried out to verify its specific mechanisms in GC cells. Therefore, our subsequent research will focus on verifying the conclusions of this study in terms of clinical application and molecular mechanisms.
Conclusions
We introduced a 5-gene combination that can predict the survival of GC patients and might be an independent prognostic factor in GC.
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